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Abstract

Purpose of Review This paper systematically reviews the recent progress in diabetic retinopathy screening. It provides an integrated
overview of the current state of knowledge of emerging techniques using artificial intelligence integration in national screening
programs around the world. Existing methodological approaches and research insights are evaluated. An understanding of existing
gaps and future directions is created.

Recent Findings Over the past decades, artificial intelligence has emerged into the scientific consciousness with breakthroughs
that are sparking increasing interest among computer science and medical communities. Specifically, machine learning and deep
learning (a subtype of machine learning) applications of artificial intelligence are spreading into areas that previously were
thought to be only the purview of humans, and a number of applications in ophthalmology field have been explored. Multiple
studies all around the world have demonstrated that such systems can behave on par with clinical experts with robust diagnostic
performance in diabetic retinopathy diagnosis. However, only few tools have been evaluated in clinical prospective studies.
Summary Given the rapid and impressive progress of artificial intelligence technologies, the implementation of deep learning
systems into routinely practiced diabetic retinopathy screening could represent a cost-effective alternative to help reduce the
incidence of preventable blindness around the world.
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Introduction

Diabetic retinopathy (DR) is a microvascular complication of
diabetes mellitus, leading to progressive damage to the retina
[1]. DR has been deemed as a global public health problem,
and diabetes-related visual impairment requires early detec-
tion to be prevented. From epidemiology studies, approxi-
mately one in three persons with diabetes has signs of DR,
and a third of these might suffer from vision-threatening reti-
nopathy, defined as a severe nonproliferative diabetic retinop-
athy or diabetic maculae edema (DME) [2, 3]. Recently, DR
incidence has been estimated to range from 2.2 to 12.7% [4]
and remains a leading cause of vision loss in many developed
countries, particularly among the adult working-age popula-
tion. Management and identification of patients at risk for DR
condition by risk stratification are crucial [5].

To prevent development and progression of DR condition,
regular follow-ups are required and DR screening programs
have long been recommended for individuals with diabetes [6,
7]. The international Council of Ophthalmology (ICO) has
initiated a comprehensive guide for physicians and ophthal-
mologists incorporating evidence-based principles with real-
world experience with recommendations for diagnosis, defi-
nition, screening and referral criteria, follow-up, and manage-
ment options. However, since the implementation and main-
tenance of comprehensive and effective programs require sub-
stantial resources, DR screening is not widely practiced world-
wide as a national program, and many patients with diabetes
are unaware of their risk of DR and other related complica-
tions [8, 9].

Al Application in Healthcare

Over the past decades, artificial intelligence (Al) has exploded
into the scientific consciousness with breakthroughs that are
sparkling increasing interests among computer science and
medical communities. Al is a branch of computer science in
which machines mimic the cognitive function of human mind,
making decisions that were regarded to require human cogni-
tion. Since the mid-twentieth century, researchers have iden-
tified the need for support systems to process the increasing
amounts of clinical data required to make clinical decisions.
Machine learning (ML) algorithms empower computers that
suggest diagnosis or clinical management without direct hu-
man intervention, by extracting clinically relevant information
from medical data [10].

With recent progress in digitized data acquisition and com-
puting infrastructures, driven by the successful applications of
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Al and by harnessing the computation power of graphics pro-
cessing units (GPU), deep learning (DL) has emerged as an
attractive ML method within Al [11]. DL was inspired by the
operation of the human brain in processing data and involves
model architectures called convolutional neural networks
(CNN). CNNs operate on the raw data to learn useful features,
identifying significant patterns from training datasets [12]. DL
has shown substantial potential in medical imaging [13, 14].
These technologies have achieved robust diagnostic perfor-
mance in detecting major medical conditions from several
medical specialties including radiology [15-18], dermatology
[19], ophthalmology [20ee, 21e¢], pathology [22], and pediat-
ric diseases [23]. DL-based tool impact is manifold: for clini-
cians, as image interpretation assistance; for health systems, as
workflow improvement; and for patients, in terms of more
reliable diagnosis [24].

Although DL-based technologies in medicine are advanc-
ing rapidly and multiple retrospective studies have demon-
strated that Al can perform on par with clinical experts, most
of these tools have not been evaluated in controlled clinical
prospective studies [11, 25]. The real-world implementation
into patient-care settings is hindered by several practical is-
sues, such as algorithm transparency, records sharing, privacy,
and data standardization. In addition, DL algorithms are ex-
tremely ‘data hungry’ and large resources of medical data are
required to conduct large-scale studies [26]. However, given
the rapid and impressive progress of Al technologies, the
medical community is cautiously optimistic that Al might
enable higher-capacity and lower-cost care in reality [27-29].

Al Application in Ophthalmology

In the field of ophthalmology, Al using ML and DL has been
broadly studied [11, 30]. Over the past few years, several
applications in fundus photography, optical coherence tomog-
raphy (OCT), and visual fields have shown clinically accept-
able performance. Specifically, robust classification perfor-
mance in detection of age-related macular degeneration
(AMD) [31-33], glaucoma [34, 35], and retinopathy of pre-
maturity [36, 37] has been achieved from retinal fundus pho-
tographs. Promising diagnostic accuracies on par with clinical
experts have also been obtained for DR detection [20ee, 21ee,
38-40].

DL in ocular imaging has been shown to be effective when
applied to OCT for AMD automated detection [41—43], mac-
ular telangiectasia automated detection [44], visual acuity out-
comes [45], and DME-automated segmentation [46] and de-
tection [43]. DL techniques have also been successfully
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applied for the detection and quantification of different types
of macular fluid from OCT images [47]. In addition, perfor-
mance comparable to human experts in referral triage deci-
sions and classification of 10 OCT pathologies with DL strat-
egies have been attained [48¢]. DL has also been applied to
non-traditional task on retinal images such to estimate refrac-
tive error [49], quantity of anterior chamber inflammatory
cells [50], forecast future Humphrey visual fields [51], and
predict cardiovascular risk factors [52—54].

Al Application for Diabetic Retinopathy
Screening

One of the most promising areas for Al applications in oph-
thalmology is in DR screening. For Al to be most effective, it
needs a well-run national screening program where all known
diabetics are invited to screening at regular intervals. While
there have been prior efforts to incorporate automated systems
in DR screening workflows and national screening programs,
recent advances in DL have seen renewed efforts from many
countries to pursue Al to apply to DR screening. Strengths and
potential of these studies are clear, as performance indicators
have resulted to be better than screening guideline recommen-
dations (typical sensitivity and specificity >80%) [55]. As
diagnostic performance measures, area under the receiver op-
erating characteristic curve (AUC), sensitivity (number of true
positive assessments over the number of all positive assess-
ments), and specificity (number of true negative assessments
over the number of all negative assessments) are the most
commonly adopted.

We cover some recent developments of Al that could po-
tentially be deployed in screening programs from different
countries (Table 1).

Al Screening in USA

The USA does not benefit from a national screening pro-
gram for DR, but many research groups developed their
DL system for DR diagnosis. Before DL era, since early
2000s, automated analysis of retinal fundus images raised
the interest of Abramoff and collaborators, with methods
on the automatic determination of image quality
gradeability [56], segmentation of vessels [57, 58], optic
disk [59], and lesion detection [60, 61]. In 2008, before
the blast of DL era, the team developed a ML system
reaching AUC of 0.84, with sensitivity of 0.84 and spec-
ificity of 0.64 [62]. Later in 2016 [38], the research team
used 1748 retinal images of subjects with diabetes from a
publicly available dataset (Messidor-2) to develop their
DL system (AlexNet/VGGNet). The International
Clinical Classification of Diabetic Retinopathy scale [63]

(ICDRSS) was used to classify DR severity. Referable DR
was defined as moderate non-proliferative DR, severe
non-proliferative DR, proliferative DR, and/or DME;
vision-threatening DR was defined as severe non-
proliferative DR, proliferative DR, and/or DME.
Referable DR detection had AUC, specificity and sensi-
tivity of 97% and 87%, respectively. Vision-threatening
DR detection had a sensitivity of 100% and specificity
of 91%. The AUCs were above 0.95 and no DME cases
were missed.

In April 2018, the United States Food and Drug
Administration (US FDA) approved the autonomous DR
and DME detection software (IDx-DR) developed by
Abramoff el al. for providing diagnostic decisions [39].
Specifically, IDx-DR was reviewed under the FDA’s De
Novo premarket review pathway, a regulatory process for
novel low- to moderate-risk devices without any prior legally
marketed device. FDA also granted IDx-DR as Breakthrough
Device designation. The software was tested in prospective
clinical trials at 10 primary care practice sites throughout the
USA. In the pivotal trial, from January 2017 to July 2017, 900
patients with diabetes were enrolled. Wisconsin Fundus
Photograph Reading Center specialists graded the fundus pho-
tographs and the Early Treatment Diabetic Retinopathy Study
Severity Scale [64] (ETDRS) criteria were used for grading. In
particular, more than mild DR (mtmDR) was defined as an
ETDRS level of 35 or higher and/or DME. The resulting sen-
sitivity of mtmDR was 87% and specificity was 91%.

Other research groups in the USA developed their DL
systems for DR detection, using mainly publicly available
databases. Gulshan and colleagues [21e°] likewise report-
ed excellent diagnostic performances of their DL systems
(Inception-V3) in detecting referable DR in 2016. As with
Abramoff’s team, Google Al adopted ICDRSS with the
same definitions of referable DR and vision-threatening
DR. They used a large training dataset (n = 128,175, grad-
ed 3 to 7 times for diabetes by a panel of 54 US licensed
ophthalmologists and ophthalmology senior residents) and
two separate publicly available datasets (n=9963
EyePACS-1 images and n=1748 Messidor-2 images,
graded by at least 7 US board-certified ophthalmologists)
to test and validate the model. The authors showed that
their DL system could achieve sensitivities of above 96%
and specificities greater than 93%, with AUC of 0.991.
Subsequently, the team conducted a retrospective analysis
to demonstrate that an adjudication process, generating a
consensus grade from multiple retina specialists, would
provide a more robust reference standard for algorithm
development and disease detection [65].

Gargeya et al. [40] deployed a customized CNN to
identify healthy individuals with no DR from subjects
with any DR from publicly available datasets (EyePACS
and E-Ophtha datasets). A total of 75,137 photographs
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Table 1 (continued)

Grading
scale

DME

Referable DR
diagnostic

Real-world validation data set

Training data set

CNN

Year of

DL/ML system

Country DR National

diagnostic

publication

Screeening

performance

performance

*97.19%

*92.25%

* 1574 patients

sensitivi-

ty

sensitivity
* 89.04%.

NHS

specificity
* 0.878AUC

» Nakuru Eye Study in Kenya

* 3460 patients

Towa Detection Messidor-2

2015

Hansen et al

Diabe-

* 91.0% sensitivity
* 69.9%. specificity

Program (IDP)

tic Eye
Scree-
ning

Al artificial intelligence, auc area under the receiver operating characteristic curve, DME diabetic maculae edema, DR diabetic retinopathy, ETDRS Early Treatment Diabetic Retinopathy Study, /CDRS

International Cinical Diabetic Retinopathy Disease Severity Scale, NHS National Health Service (UK)

from patients with diabetes were analyzed. The model
achieved an overall 0.97 AUC with a 94% sensitivity
and 98% specificity.

Al Screening in Singapore

Singapore has implemented the Singapore Integrated Diabetic
Retinopathy Program (SiDRP) since 2010. SiDRP is a
national-level telemedicine-based screening program for DR
that involves the centralization of retinal fundus photograph
grading from primary care clinics and utilizes trained graders
(Fig. 1a). Patients’ images are transmitted to an ocular imag-
ing center, where trained graders assess the images for DR
severity, typically within a turnaround time of 1 h. The
SiDRP telemedicine system has been evaluated to dominate
the previous family physician-based system from a cost per-
spective [66].

In 2017, Ting et al. [20+°] developed their DL system
(VGGNet-based) to identify referable DR, AMD, and glauco-
ma using nearly half a million images from a multi-ethnic
community. The training set for the DR model consisted of
76,370 images from the Singapore Integrated Diabetic
Retinopathy Programme cohort (Chinese, Indian and Malay
ethnicities). The generalizability of the model has been dem-
onstrated addressing the challenge of considering different
patient cohorts (community-, population-, and clinical-based)
under different settings and conditions (patients’ demo-
graphics, glycaemic control, pupil dilation, retinal cameras,
width of field, reference standards, graders’ qualification).
The DL system was tested on 10 external datasets with
112,648 images (Chinese, Indian, Malay, Caucasian,
Hispanic, African-American ethnicities). DR levels were de-
fined using the ICDRSS and referable DR was defined as
moderate non-proliferative DR or worse, DME, and/or
ungradable image; vision-threatening DR was defined as se-
vere non-proliferative DR and proliferative DR. For the inter-
nal validation dataset, AUCs of the DL system were 0.936 and
0.958 for referable DR and vision-threatening DR, respective-
ly. Sensitivities and specificities were 91% and 91% for refer-
able DR and 100% and 91% for vision-threatening DR, re-
spectively. For the external validation datasets, the AUCs of
referable DR ranged from 0.889 to 0.983 with sensitivities
varying from 92 to 100% and specificities from 73 to 92%.

Following the study, the team is planning to integrate the
Al algorithm within SiDRP. In the first phase, the Al system
will be active alongside the current SIDRP workflow, with
clinical leads reviewing whether its performance is acceptable
for clinical operation. Assuming acceptable performance, the
second phase will involve manual intervention on the Al out-
put results (Fig. 1b), and if all goes well, SIDRP will transition
to a third phase where the Al system functions without manual
intervention for normal cases (Fig. 1c¢).

@ Springer
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Fig. 1 DR screening models. a Manual DR screening model, b Al-
assisted DR screening model, ¢ fully automated DR screening model.
Primary and secondary graders are nonmedical professional graders,
trained and certified for retinal images grading. According to the
International Clinical Classification of Diabetic Retinopathy Severity

Al Screening in the United Kingdom

Screening for DR and vision-threatening DR conditions has
been demonstrated to be very effective in England. The
National Health Screening (NHS) Diabetic Eye Screening
Programme [67] commenced in 2003 and is delivered by
qualified clinical and non-clinical staff involved in recognized
ongoing Continuous Professional Development and Quality
Assurance schemes [68]. The UK National Screening
Committee has recommended a systematic population screen-
ing program for persons with diabetes aged 12 and over [67]
and has achieved a nationwide uptake of 79%.

The first national screening program to deploy (no-DL)
image recognition software nationally was in the Scottish
DR screening program in 2010 [69-71]. The software was
able to assess retinal image quality and detect microaneurysm,
local vessels, macular exudates, blot haemorrhages. The
Scottish software (iGradingM) was developed in the
University of Aberdeen and deployed to evaluate the single
45 degree image per eye approach for screening.

The English DR screening program required at least two 45
degree retinal images per eye and it was felt that before con-
sidering commissioning any ML software a properly powered
study, independent of developers that evaluated cost effective-
ness, should be undertaken [72]. Tufail and coworkers [73]
undertook this study that invited automated DR image assess-
ment systems for potential usage in the NHS Diabetic Eye
Screening Programme—iGradingM (Medalytix/EMIS Health,
Leeds, UK), Retmarker (Retmarker Ltd., Coimbra, Portugal),
and EyeArt (EyeNuk Inc., Los Angeles, CA), all ML-based.
Retinal images from 20,258 patients attending routine annual
DR screening were recruited. When compared with human
grader’s sensitivity, Retmarker (85%) and EyeArt (94%) sys-
tems achieved acceptable performance for referable DR detec-
tion and had sufficient sensitivity to make them cost-
effectiveness alternatives.

@ Springer
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scale, fundus images are defined as referable with diagnosis of
moderate non-proliferative diabetic retinopathy, severe non-proliferative
diabetic retinopathy, proliferative diabetic retinopathy, and/or diabetic
macular edema. Images classified as ungradable by the dell learning
system are considered as referable

Al Screening in India

In India, 60 million individuals are projected to have diabetes,
and 10 to 20% of the diabetic population develops DR. [74,
75] Awareness of this retinal condition is low compared to
more developed countries. However, while telemedicine-
based DR screening programs are growing and providing
valuable clinical benefit [7, 35], the automated interpretation
of retinal fundus photographs could be supported using ML
and DL tools. The Google Al team is working with eye spe-
cialists from Aravind Eye Hospital (Madurai) and Sankara
Nethralaya (Chennai) on the development of their AI DL sys-
tem, with the goal of making such technologies available to
everyone.

Rajalakshmi et al. validated a smartphone-based fundus
photography system for DR screening [76] and assessed the
role of an automated AI algorithm for DR and vision-
threatening DR detection [77]. Specifically, images were cap-
tured from dilated patients’ eyes at a tertiary care diabetes
hospital in Chennai, using Remidio Fundus on Phone imaging
device, a portable fundus camera. The EyeArt software
analysed 296 patients’ eyes and provided severity grades ac-
cording to ICDRSS criteria. The results showed that the Al
software exhibited 96% sensitivity and 80% specificity in de-
tecting any DR and 99% sensitivity and 80% specificity in
detecting vision-threatening DR.

Al Screening in Thailand

In Thailand, approximately 4.5 million patients with diabetes
receive ophthalmic care, but the majority live a great distance
from provincial hospitals, where most ophthalmologists and
retinal specialists practice. In 2013, the Ministry of Public
Health of Thailand set up a national screening program in 13
health regions, with the initial aim to screen in each region at
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least 60% of individuals with diabetes. However, data indi-
cates that less than 50% of patients were screened every year
[54, 78].

Given the positive results of the Google Al model [65], the
team started in December 2018 a partnership with the
Rajavithi Hospital in Bangkok, affiliated with the
Department of Medical Services, Ministry of Public Health
in Thailand. Raumviboonsuk et al. [79] validated the model
performance using retinal images from patients with diabetes
who participated to the national screening program. The co-
hort consisted of 7517 patients and 25,326 gradable images.
DR and DME were classified according to the ICDRSS guide-
lines. The reference standard was the grades adjudicated by a
panel of international retinal specialists from Thailand, India,
and the USA. Referable DR was detected with a sensitivity of
97% by the DL system and 74% by regional graders. The DL
system also outperformed humans for DME diagnosis.
However, specificities of the DL model were slightly lower
than human graders.

Al Screening in China

Diabetes mellitus and prediabetes among adults in China af-
fect 110 million people [80] and a regular screening is ex-
tremely challenging to the national healthcare system.
Moreover, China faces inadequate practicioner numbers, with
only about 20 ophthalmologists per million people (compared
to 49 in the UK and 59 in the USA) [81]. Lifeline Express
Foundation launched in 2014 the Diabetic Retinopathy
Screening Program, which is telemedicine enabled and free.
This organization is a multi-hospital program across mainland
China, with 30 centers across the country, situated in 15 out of
28 provinces and autonomous regions of China. Since 2016,
an Al fundus image processing software (Healgoo) served as a
provider for this program. LabelMe (http://www.labelme.org,
Guangzhou, China), a labeling platform on which experts can
label medical images, was awarded the Medical Device
Registration Certificate (Class 2) issued by Guangdong FDA
on September 2018 [82, 83].

Recently in 2018, Li et al. [39] conducted a study on a DL-
based model (Inception-V3) for the detection of vision-
threatening DR, defined as preproliferative DR or worse,
and/or DME, according to the NHS scale. The model was
trained with 71,043 photographs acquired from LabelMe; 27
ophthalmologists and an experienced ophthalmologist graded
the images. The DL system was tested initially on 19,900
LabelMe images with resulting AUC, sensitivity and specific-
ity for vision-threatening DR 0f 0.989, 97%, and 91%, respec-
tively. Model performance was subsequently evaluated on an
independent data set of 35,201 images, including Indigenous
Australians from the National Indigenous Eye Health Survey,
Malays from the Singapore Malay Eye Study, Australian

Caucasians from the Australian Diabetes, Obesity and
Lifestyle Study. Overall diagnostic performance for vision-
threatening DR detection was 0.955, 93%, and 99% for
AUC, sensitivity, and specificity, respectively.

Al Screening in Australia

In Australia, a significant increase in the health and economic
impact of DR burden is expected, with the need of enhance-
ments in eye healthcare among Indigenous communities [83,
84]. The National Health and Medical Research Council
(NHMRC) has long endorsed DR screening program,
recommending annual screening for individuals who have
had DR diagnosis, and biennial screening for Australians
without significant DR risk factors. However, comprehensive
DR screening strategies have not been widely implemented all
over the country.

Keel et al. [85] performed a pilot study showing the feasi-
bility of a DL system to screen for DR at two urban endocri-
nology outpatient services (St. Vincent’s Hospital,

Melbourne and University Hospital Geelong, Barwon
Health), recruiting 96 adult patients with diabetes between
July 2017 and November 2017. The DL model was developed
using 66,790 retinal photographs from LabelMe, and the im-
ages were graded according to the UK NHS screening guide-
lines by 21 ophthalmologists. The DL system showed a sen-
sitivity of 92% and a specificity of 94% in referable DR de-
tection. The DL-based automated model was demonstrated to
be well accepted by patients, with a 96% of participants that
reported to be satisfied or very satisfied.

Also, Kanagasingam et al. [86] in 2018 evaluated the ef-
fectiveness of their DL system (Inception-V3) in primary care
practice. The model was trained using 30,000 images from
publicly available domain (DiaRetDB1, EyePACS, and
Australian Tele-eye care DR database) and the severity of
DR was based on ICDRSS criteria. A total of 193 patients
with diabetes, seen at a primary care in Western Australia,
were recruited and 386 images were analyzed. The study re-
ported a resulting specificity of 92%.

Al Screening in Africa

The potential of ML and DL algorithms performing automat-
ed retinal images analysis has been demonstrated also on pop-
ulations from Africa, where radical measures are required to
identify and reduce blindness due to diabetes to achieve the
Sustainable Development Goals by 2030.

Hansen et al. [87] deployed the ML software of Abramoff
team [88] for the detection of sight threatening DR (moderate
or more severe DR, and DME), from 6788 fundus photos
(3460 participants) of the Nakuru Eye Study, Kenya. The
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software performance was compared to grading carried out at
Moorfields Reading Centre, according to ICDRSS guidelines.
Overall, a sensitivity of 91% and specificity of 70% were
achieved.

More recently in 2019, Bellemo et al. [89] demonstrated
the potential of Al using DL in a Zambian. The team trained
an ensemble DL model (VGGNet and ResNet) on retinal fun-
dus images from patients with diabetes who participated in
theSiDRP. The DL system was subsequently validated with
retinal images from patients with a self-reported diagnosis of
diabetes who attended a mobile screening unit in five urban
centers in the Copperbelt province of Zambia. A total of 4504
retinal fundus images from 3093 eyes of 1574 Zambians with
diabetes were prospectively recruited. The AUC of the DL
system for referable DR was 0.973, with corresponding sen-
sitivity of 92% and specificity of 89%. Vision-threatening DR
detection rate was 99% and DME sensitivity was 97%.

Clinical, Technical, and Medicolegal
Challenges

Despite considerable recent progress [90] in deep learning-
based Al for DR detection as determined by screening perfor-
mance metrics, many practical challenges remain to be re-
solved. Notably, cutting-edge expert systems from the
1970s, such as MYCIN [91] and INTERNIST-I [92], have

not entered popular practice despite having consistently ex-
hibited performance comparable to clinicians on tasks such as
antimicrobial selection [93]. This is largely due to much the
same clinician concerns over the interpretability, complexity,
and time-effectiveness of Al implementations [94]. With DL
in imaging, the main issue has been with the former. In fact,
the fundamental nature of pixel-input neural networks has
resulted in reduced interpretability as compared to expert sys-
tems or even simple logistic regression [95], where the base
factors could be identified.

Fortunately, there has been some progress on neural net-
work visualization methods [78, 96] which highlight image
regions that were most relevant to the final decision [68, 97].
However, examination of various popular visualization
methods such as saliency [82], DeepLift [98], epsilon-LRP
[80], Grad*Input [83], and Integrated Gradients [78, 96] re-
veals that different visualization methods may not always
agree with each other (Fig. 2). It is therefore important to
recognize the relative strengths and weaknesses of each visu-
alization method.

Given this uncertainty in interpretability, clinician concerns
are quite justified, from the threat of legal liability arising from
(possibly unreasonably) incorrect Al analyses, concurrent
with relatively immature regulatory frameworks for Al sys-
tems [99]. On the legal end, current tort mechanisms have
been judged to be inadequate for addressing possible injury
entailed by Al misdiagnoses [100], despite systems such as

epsilon-LRP

Original DeeplLift

Fig. 2 Heat map visualizations using different models
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IDx-DR already having gained FDA approval for DR. [39]
Clearly, clinical use of Al will involve some amount of trust
on the provider end, with it probably being unreasonable for
medical personnel and administrators to attain a deep techni-
cal understanding of the Al systems that they are using.

From the other direction, Al researchers will also have to
assume that they have been provided with an accurate scope of
the task to be achieved, and sufficient resources to create a
model for that task. For example, for all the potential of deep
neural network models, training good models nevertheless
requires many preconditions to be met: the training data
should be of sufficient quantity to represent the diagnosis task
to begin with, which has tended to involve tens of thousands
to millions of images. On top of that, there should be enough
examples of individual disease conditions. All these images
should also ideally be drawn from realistic environments, and
carefully and continually validated over new, independent
batches of data.

Future Directions

The key to reducing preventable vision loss worldwide is early
detection and prompt treatment of DR. Comprehensive DR
screenings are essential. Recently, computer-assisted and au-
tomated retinal image assessment tools have been demonstrat-
ed to have robust diagnostic performance and can potentially
reduce the reliance on manual work and the cost of traditional
screening. While such programs have been based on fundus
photography, alternative screening platforms using different
advanced retinal imaging techniques could be considered
(e.g., OCT angiography, adaptive optics, retinal oximetry,
metabolic imaging, etc) [101].

With Al progress, especially in imaging domains, there has
been a thread of worry about automated systems replacing
humans, instead of simply assisting them. The current fore-
seeable state of Al suggests that a combination of humans and
Al will be able to provide the best care, than either alone
[102]. This is as they tend to exhibit different, yet complemen-
tary, strengths and weaknesses. An Al system is impervious to
fatigue and unfailingly detail-oriented, where such details are
specified. Humans on the other hand have higher-level meta-
cognition and intuition that allows them to recognize “out-of-
set” anomalies more readily.

Additionally, there should be a concurrent evolution of Al
algorithms to increasingly take underlying biological mecha-
nisms into account, rather than simply approaching diagnosis
as a general ML classification problem. A possible approach
would be the decomposition of a classification task into sep-
arate intermediate goals [103] conforming to some accepted
theory, which would further serve as a sanity check on the
model’s recommendations, and possibly allow principled

hypothesis testing and knowledge discovery to be attempted
[104].
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